The scope of this study is to optimize the powertrain of a fuel cell powered hybrid electric vehicle and plug-in hybrid electric vehicle, aiming to minimize the cost, fuel consumption minimization, and all-electric range (AER) maximization. A genetic algorithm (GA) was used to perform single objective optimization, and a non-dominated sorting genetic algorithm (NSGA-II) to perform multi-objective optimization. Both algorithms were programed in MATLAB. The cost, fuel consumption and AER were optimized by the GA individually, and the couples cost and fuel consumption, and cost and AER, were evaluated by the NSGA-II. In order to optimize the vehicle powertrain, not only the fuel cell, electric motor, and battery, are sized but different component models are also considered, including different battery chemistries (Lithium and Nickel-metal hydride). The battery charge sustaining level is also an optimization variable. The vehicle design is evaluated by a vehicle simulation software, ADVISOR which is connected to the optimization algorithms. The designed vehicles are simulated in a real measured driving cycle and official European driving cycle, and must comply to several performance constraints, such as maximum speed, acceleration, and maximum electric range (only for plug-in vehicle). The developed methodology main objective is to present a possible best vehicle option regarding a specified objective and conditions.
INTRODUCTION
The relative low efficiency of internal combustion engines (ICE) used to propel conventional vehicles, its resulting local pollutant emissions, and crude oil sustainability issues makes extremely important to attain alternative road vehicle technologies. Some of the emerging alternative technologies are hybrid electric vehicles (HEV), plug-in hybrid electric vehicles (PHEV), pure battery electric vehicles (BEV). HEVs at their most basic forms simply mean a vehicle that uses two or more distinct power sources, usually a fuel converter like an ICE, or a fuel cell (FC) with a battery to propel the vehicle [1, 2] . HEV´s can be powered in a series configuration, in which both battery and fuel converter supply power to an electric motor that drives the wheels of the vehicle. This kind of configuration can bring efficiency improvements to the fuel converter as it allows to control the use of the fuel converter in more efficient modes. However, most of the efficiency gains in hybridizing a vehicle are modest and rivals with some of today's fuel efficiency improvements in ICEs, especially diesel engines. The use of electric power (battery power only) to propel the vehicle becomes interesting since its efficiency is far greater that the use of an ICE. Improving batteries and cost profiles will bring the next big step in the electrification of automobiles, either in the form of plug-in capabilities (PHEVs) or pure battery electric vehicles (BEVs). The main issue with the BEV is that the battery autonomy is still far from the transportation needs, since the vehicle range is near 120km only. The PHEV combines HEV with a BEV configuration, since it is possible to use the battery energy in a pure electric locomotion, and when needed it uses the fuel converter to achieve higher power or to extend the vehicle range (maintaining battery state-of-charge -charge sustaining mode). In the PHEV the batteries can be recharged directly from the fuel converter or from an external electric supply. [1, 2, 3] In a hybrid powertrain, component sizing and energy management strategy parameter tuning significantly affects vehicle performance, cost and fuel economy. Optimizing the PHEV/HEV design can greatly improve the vehicle efficiency and cost. The scope of this study is to optimize a fuel cell powered HEV (HEV-FC) and PHEV (PHEV-FC) regarding the fuel cell, the electric motor, the battery sizing, and battery charge sustaining mode level, aiming to minimize the global cost of components, minimize the fuel consumption, and to maximize the all-electric range (AER).Single objective and multiobjective optimization is performed using genetic algorithms, and complemented with a vehicle simulation software which in this study used a real measured and official driving cycles to simulate the vehicles. A vehicle powertrain optimization methodology is developed which can be adapted for different vehicle technologies, performance objectives and constraints.
The main intention is to present a solution or a set of solutions indicating which the best vehicle option is for a specific purpose.
METHODOLOGY
In this study the optimization of the fuel cell vehicle (both HEV and PHEV) regards multiple objectives performed by a single-objective and a multi-objective optimization algorithm. Each designed vehicle must achieve specific performance constrains in specific driving cycles. In order to evaluate the designed hybrid vehicles and the optimization objectives a vehicle simulation software, ADVISOR (ADvanced VehIcle SimulatOR), created by the U.S. Department of Energy's National Renewable Energy Laboratory's (NREL) [4, 5] , was used complementary to the optimization algorithms. ADVISOR is developed in MatLab/Simulink [6] environment allowing to model a vehicle powertrain including its components and the driving cycle used to simulate the use of the vehicle.
Case Study The hybrid vehicle -HEV and PHEV
PHEVs are designed to use a charge depleting strategy for the battery (CD mode), alike to the BEVs. The battery is discharged till it reaches a minimum state-of-charge (SOC). When this SOC level is reached, a charge sustaining strategy (CS mode) is engaged, in similarity to the conventional HEV. This SOC level is then maintained such that regards to a range of a low battery resistance as possible; depending on battery and powertrain configuration. [3] The fuel converter (an ICE or FC) is used to help propulsion and to provide additional energy in order to maintain the battery SOC (like the HEV). In this study a hydrogen fuelled fuel cell is used as fuel converter in the pure hybrid (HEV-FC) and in the plug-in vehicle (PHEV-FC), which is powered in a series configuration (Figure 1 ). The main characteristics of the base vehicle are shown in Table 1 . Adding to the base of the vehicle (glider, transmissions, wheels…), the main components are selected, namely the electric motor, the fuel cell, and the battery. Both HEV-FC and PHEV-FC to be designed must fulfil minimum requirements, presented in Table 2 . The ∆trace constraint is relative to the capability for the vehicle to achieve the driving cycle with the desired precision, meaning that it is required for the vehicle not to miss the required speed for more than 5km/h. 
Hybrid vehicle components
In order to perform the vehicle powertrain design optimization different components were taken as a possible hypothesis: 5 different fuel cell models (FC), 5 electric motors (MC, including controller), and 8 batteries (BAT) were available in this study. The fuel cell systems available (Table 3) are composed by proton exchange membrane technology fuel cell stacks (also known as polymer electrolyte membrane). The available electric motors (Table 4 ) include the power controller/inverter system, and besides one induction motor (MC_1) the majority regards to permanent magnet technology. Both lithium and nickel-metal hydride chemistries were considered for the available batteries (see Table 5 ), in which specific power and specific energy were varied. Besides the model selection of the fuel cell and the electric motor, the power scale for each component is also an important parameter in component sizing. The software ADVISOR has a scaling function that sizes the component regarding its nominal power. In this study, the power scale is also a variable, and it changes the power of the component as also its weight accordingly to the scaling value. A scaling range between 0.5 and 2 is used (a value of 1 represents the original component as in Tables 3 and 4 ). In Annex, a power scaling evolution per component is showed. The battery do not consider power scaling, however the number of battery modules was varied in vehicle design. Additionally, the CS level regarding the battery SOC level to be maintained in charge sustaining operation in both HEV-FC and PHEV-FC, is also a variable of design to be optimized. The range of possible values for the CS level was chosen that the battery SOC is maintained between 20% and 80% ensuring a maximum battery life possible [1, 12] . The cost for each component was estimated and used to attribute a "virtual" cost to the designed vehicle. The costs estimated in (Equations 1 to 4) were based in several cost analysis studies which assumed large volume production scale [12, 13, 14, 15, 16, 17, 18] .
Where Li and Nimh regards to the battery chemistry, Lithium or Nickel-metal hydride, and P, E and m represents respectively the power of the component (kW), battery´s energy capacity (kWh), and component´s mass (kg).
The driving cycle
An official European driving cycle and a real driving schedule in Lisbon downtown (LisbonDt) was used in this study to simulate the vehicles (Table 6 and Figure 2 ). Real driving data was measured within Lisbon Metropolitan area, by using a speed sensor, a GPS system equipped with a barometric altimeter and data recovery from the OBD (On-Board Diagnostic) vehicle interface. Table 6 shows LisbonDt driving cycle characteristics as well the official NEDC (no road grade). 
PHEV and HEV single-objective optimization
The objective is to design a HEV-FC and a PHEV-FC aiming to reduce the vehicle cost, reduce the fuel consumption, and increase the all-electric range (AER), yet maintaining the vehicle capable to perform a certain driving cycle and to comply with specific performance constrains ( Table 2) . Each of these objectives is threaten as a single objective.
In order to perform the powertrain sizing of the HEV-FC and PHEV-FC, a range of potential electric motors (MC), fuel cells (FC), and batteries (BAT), are available for the optimization (Tables 3 to 5 ). Additionally the power scaling of the MC and FC, the number of modules of the battery, and the CS level of the battery, are also design variables of the optimization.
Cost Minimization
Assuming that the vehicle frame, transmission, and auxiliary systems maintain similar for the different vehicle designs, the objective function, aiming cost minimization, focuses on direct comparison between the different component choices, and in this case can be expressed as the sum of the estimated costs of the components (see Equations 1 to 5):
Fuel Consumption Minimization and AER Maximization
Alike to cost objective, the fuel optimization focuses on direct comparisons between different vehicle designs, however the proposed algorithm aims to compare and find the designed vehicle that minimizes the fuel consumption. The fuel consumption for the PHEV-FCs is calculated in charge sustaining mode when the vehicle uses the FC like a HEV, thereby not influenced by the use of the electric energy in pure electric mode. The AER is calculated only for the PHEV-FC and in pure electric mode (when the FC is off). The AER strongly depends on the battery capacity and also the electric consumption. Both fuel consumption and AER are direct results from the simulation software, although in order to maintain the maximization of AER as a minimization problem (i.e. maintaining the same optimization formulation) the objective results are calculated as km-1.Note that the minimum permitted SOC of the battery is 20%, so the AER is only allowed until battery SOC reaches that value.
Optimization algorithm -genetic algorithm
A genetic algorithm (GA) was used to perform the optimization [19] . A GA is a stochastic global search and optimization method, and its creation was inspired in natural biological evolution [21] . Philosophically, GAs are based on Darwin's theory of survival of the fittest, which applies the principle of survival of the fittest preliminary solutions to produce successively better approximations to a solution. Several literatures refer to this method [21, 22, 23, 24, 25] . The modularized Genetic and Evolutionary Algorithm Toolbox for MATLAB software [21, 22] was used for the optimization in this study. A genetic algorithm starts by building a random population of individuals which is a set of possible solutions to the optimization problem. The GA chromosome structure is composed by the individuals that contain information, genes, representing the respective components and all the design variables to be optimized (see Table 7 ). Table 7 ). In resume there can be 125 possible combinations if only regard the FC, MC and BAT models, however if including the module number, power scales and CS lever variables, there can be infinite combinations to design the vehicle powertrain. 
After the population generation, each assembled vehicle (or each individual), in order to be evaluated, is simulated performing a specific driving cycle (in this study LisbonDt or the NEDC) in the vehicle simulation software, ADVISOR. In order to use the ADVISOR automatized (in loop) within the GA, a special function (provided in ADVISOR) was used, adv_no_gui, allowing to run simulations without using any graphical user interface. [4, 5] Besides the constraints evaluation (Table 2) , the main results from the evaluation stage are the cost, fuel consumption, and electric range, used to compare the optimization objective. A ranking profile is assigned to each individual of the population, where better fitness is assigned to individuals with lower cost, lower fuel consumption, or higher AER, depending on the case study. Accordingly to the individual´s fitness and the generation gap rate (0.8), the selection of the individuals for crossover is performed using stochastic universal sampling (default routine) [21, 22] . Afterwards, a crossover routine is applied (crossover rate 0.6) where genes are selected, from a pair of best ranked individuals in the current generation and are combined to form two individual child. Single point crossover routine (where part of the first parent is copied and the rest is taken in the same order as in the second parent) is used. Next a mutation process occurs (mutation rate of 1/(variables per individual)) [21] , changing a gene value, adding diversity to a generated population. At this point the offspring population is completed, then after being evaluated (similarly to the evaluation process explained behind) the offspring individuals are reinserted into original population maintaining the best fitted individuals, by replacing the least fitted. [21] These processes are repeated till a maximum number of generations are reached. In this study the population is composed by 30 individuals performing 30 generations.
PHEV and HEV multi-objective optimization
Using multi-optimization methods allows to optimize two or more objectives simultaneously. In multi-objective optimization weighted objective functions, assigning a weight coefficient to each "sub-objective", can be used:
However, sometimes the definition of the weights is difficult, and metaheuristic methods become appropriate. In this method, a multi-objective optimization algorithm is implemented and alike to the GA is linked to a vehicle simulation software, ADVISOR, to achieve in the same way the results of cost, energy consumption and AER.
To perform the multi-objective optimization of the vehicle the range of components available for the powertrain design are the same defined for the GA Tables 3 to 5 , as well as their cost estimations in Equations 2 to 5. The performance constraints to be achieved by the designed HEV-FC and PHEV-FC remain also the same ( Table 2 ). The objective in the multiobjective optimization regard cost minimization, fuel consumption minimization, and AER maximization, alike to the GA optimization; however, in multi-objective optimization it is possible to couple essential objectives. In this study the couples cost and fuel consumption minimization, and cost minimization and AER maximization are optimized. The fuel consumption is calculated during charge sustaining operation for the PHEV-FC, and the AER is only calculated for the PHEV-FC when operating in pure electric mode (FC off). Similarly to the GA, the same chromosome (Table 7) is used to perform the optimization.
Cost & Fuel Consumption Minimization
where f cost (x) regards to the cost of components (Equation 5), and ݂ ௨ ሺ‫ݔ‬ሻ is the fuel consumption a direct result from the simulation software.
Cost Minimization and AER Maximization
where f AER (x) is the all-electric range, a direct result of fuel consumption from the simulation software.
Optimization algorithm -NSGAII
A non-dominated sorting based multi-objective genetic algorithm (NSGA-II) developed by [26] , was used. In multiobjective problems usually it is not possible to have a single solution which simultaneously optimizes all objectives, especially if they are in conflict. Generally, in this kind of formulation improving in one objective may deteriorate another. A balance in trade-off solutions is achieved when a solution cannot improve any objective without degrading one or more of the other objectives. These solutions are called non-dominated solutions. The set of these solutions is a nondominated set or the Pareto-optimal set. The corresponding objective vectors are referred to as the Pareto-front ( Figure  29 ). [27, 28] Then, an algorithm that gives a large number of alternative solutions lying on or near the Pareto-optimal front is of great practical value. The Non-dominated Sorting Genetic Algorithm (NSGA) proposed in Srinivas and Deb [26] was one of the first such evolutionary algorithms. The Global Optimization Toolbox for MATLAB software [6] was used for the multi-objective optimization in this study, namely the multiobjective genetic algorithm function gamultiobj.
This function is based on [26, 28] . In order to evaluate a solution´s objective value, a simulation tool was used, ADVISOR, similarly to the GA. Alike to the GA, in the NSGA-II the population is sorted accordingly to its ranking, and the ranking attribution is performed by comparing the solutions with each other regarding its non-domination level [26] . The objective is to "build" a non-dominated solution set. 
RESULTS AND DISCUSSION

HEV-FC
The best results for the HEV-FC single-objective optimization regarding cost and fuel consumption minimization and AER maximization are presented in Table 8 and 9, and Figure 4 , for both driving cycles. Table 8 regards to the chromosome of the results presented in the Table 9 . The chromosome presents the main characteristics of the HEV-FC. The component´s models attributed to each value of the chromosome can be seen in Tables 3 to 5 . Figure 4 that the LisbonDt is a more demanding driving cycle, since it requires higher fuel consumption and higher cost for the vehicle. The higher cost attributed to the vehicle in LisbonDt, is a direct consequence of the higher power requirements and higher power components needed, specially the battery. Note that the CS level shows more relevance in the fuel consumption minimization, indicating a possible more efficient battery charge sustaining level. This also shows the battery importance in hybrid vehicles, which can be used to balance and control some of the power flows in the vehicle and then maintaining a more efficient operation of the fuel converter. In NEDC the fuel consumption optimization could decrease by 13% the hydrogen consumed; however this increases the cost by 56%. In the LisbonDt, the same improvements can be done and less 27% of fuel can be consumed, however the cost could increase almost 6 times. Consider 0.042$/MJ hydrogen [12] to be the hydrogen fuel cost (in a large scale production), and 200,000km the estimated life time of the vehicle [30] . In a basic estimation, if only regarded the components cost, and if calculated the cost of the vehicle plus the cost of the fuel consumed during the life time of the vehicle, the vehicle optimized by the cost minimization might be the best choice. For example, the vehicle in cost minimization in LisbonDt presents a total cost of 18700$ against 47300$ of the vehicle optimized by fuel minimization. Note that these values are hypothetical and only serve as a measure of comparison. The multi-objective results (Pareto set) for the HEV-FC regarding cost and fuel consumption minimization are presented in Figures 5 and 6 for NEDC and LisbonDt driving cycle respectively. It can be seen in the figures that the multiobjective optimization does not present an exact or unique solution, but a set of solutions in balance between the objectives. As expected in order to minimize the fuel consumption more cost is attributed to the vehicle. This is mainly due to the increase of battery modules (more cost) that are needed to increase the battery power and energy in order to better control the power output of the FC. Nevertheless and especially in the NEDC, the cost per MJ/km of fuel consumption does not vary greatly. In this case, the set of solutions point towards a more shaped result. Note that in Figure 5 , however the minimum cost is around 5% higher than the cost in single-objective optimiz (Table 9 ) it regards also a HEV-FC with less 8% of fuel consumption. In the same way, the vehicle with the lowest fuel consumption in Figure 5 , has more 3% of consumption but cost 30% less. The same reasoning can be done for LisbonDt driving cycle ( Figure 6 ). If attributing a total cost for the vehicle components and fuel use during the vehicle´s life time, multi-optimization results (highest cost and highest consumption solutions) present a cost around 14100 for the NEDC and around 18400-21300$ for the This indicates that multi-objective optimization objective results regarding Cost inimization. NEDC driving cycle.
It is clear from
objective results regarding Cost minimization and Fuel minimization. LisbonDt driving
Note that in Figure 5 , however the minimum cost is around objective optimization FC with less 8% of fuel consumption. In the same way, the vehicle with the lowest fuel consumption in Figure 5 , has more 3% of consumption but cost 30% less. The same reasoning can be done for igure 6). If attributing a total cost for the vehicle components and fuel use during the vehicle´s life optimization results (highest cost and highest consumption solutions) present a cost around 14100-14200$ $ for the LisbonDt. objective optimization is capable to present a vehicle with a global cost lower than the GA solutions.
PHEV-FC
The best single-objective optimization results for the PHEV FC regarding cost and fuel consumption AER maximization are presented in Table  the HEV-FC, the components models attributed to each value of the chromosome in Table 10 can be seen in Tables 3 to 5 . Figures 7 and 8 show the results for the NEDC and driving cycle respectively. Alike to the HEV-FC the PHEV higher energy consumption in same reasons. Since the electric consumption is higher in LisbonDt, the maximum AER is e driving cycle. Also, the maximum use of the battery (SOC around 20%) is achieved in AER maximization. optimized vehicles achieved an AER cycles. From the Table 11 it can be seen that the tenden for the PHEV-FC to have a higher c compensated by the possibility to use zero during AER. In single-optimization the aim for a specific objective can usually be disadvantageous in other important present a vehicle with a global cost lower than the GA objective optimization results for the PHEV-FC regarding cost and fuel consumption minimization and AER maximization are presented in Tables 10 and 11 . Alike to FC, the components models attributed to each value of the chromosome in Table 10 can be seen in Tables 3 to 5 . Figures 7 and 8 FC the PHEV-FC presented higher cost and higher energy consumption in LisbonDt than in NEDC, for the Since the electric consumption is higher in AER is expected to be lower in this Also, the maximum use of the battery (SOC around 20%) is achieved in AER maximization. All the optimized vehicles achieved an AER that satisfied the driving From the Table 11 it can be seen that the tendency is FC to have a higher cost that the HEV-FC, possibility to use zero fuel consumption optimization the aim for a specific objective can usually be disadvantageous in other important factors. Aiming to achieve higher AER some solutions can present fuel consumptions increases and very high costs due to the large battery (and also very high vehicle weight). Similarly to the HEV´s although the CS level does not influence the minimization of the cost, being actually irrelevant, it can be an important factor to calculate the global cost of the vehicle and its usage, considering the fuel use cost. However, in fuel consumption minimization, the CS level is very important since it influences the energy flow in the battery. It can be seen that the CS level in fuel minimization (in both PHEV-FC and HEV-FC) remains near half SOC (0.4 -0.5). The multi-objective results (Pareto set) for the PHEV-FC regarding cost and fuel consumption minimization and cost minimization are presented in Figures 9 and 10 for NEDC and LisbonDt driving cycle respectively. Figures 11 and 12 show the results for cost minimization and AER maximization for both driving cycles.
As expected the cost of the vehicle increases in order to lower the fuel consumption. Regarding the electric mode of the PHEV-FC in order to reach higher AERs the cost increases more suddenly in the case of the LisbonDt, due to the higher power demands of this driving cycle. Unlike the HEV-FC in the PHEV-FC a global cost cannot be made since the fuel usage is totally dependent from the desired distance (utility) and the AER. 
SUMMARY/CONCLUSIONS
In this study the optimization of the fuel cell vehicle (both HEV and PHEV) was made, regarding multiple objectives performed by a single-objective and a multi-objective optimization algorithm. The methodology presented intended to give an insight on the different hybrid vehicle possibilities for a specific driving cycle, aiming its best use possible regarding energy consumption and cost. The same methodology can also be adapted to different vehicle technologies and different objectives. The single-objective optimization (GA) showed the best solutions for each objective. Additionally, the single-objective while providing improvements in one characteristic can also present depreciation in some other important factors (or secondary objectives). The multi-objective optimization (NSGA-II) presents a set of solutions balanced between the different objectives. The HEV-FC showed to have lower life time cost (regarding vehicle cost and fuel use cost) in cost optimization results (single-objective), and even better results in multi-objective fuel/cost optimization. The PHEV-FC is not that conclusive, since the energy consumption of the vehicle strongly depends on the desired distance. The single-objective optimization results showed higher AER solutions with higher cost than the multi-objective results that showed lower cost solutions with lower AER. In both vehicles, the more demanding is the driving cycle (is this study, the real measured driving cycle) more powerful components are needed for the vehicle which increases its cost. For more accurate results more components models (most precise possible) should be introduced in the methodology, and the algorithm parameters tuned. 
